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Introduction 1
The Land Surface Models (LSM) used in meteorology have been developed in order 2 to simulate continuous land surface processes, such as plant transpiration, soil evaporation 3 and the evolution of soil moisture and surface temperature at regional and global scales. A 4 number of CO 2 -responsive LSMs, like the ISBA-A-g s model of Météo-France (Calvet et al. 5 1998 , Calvet et al. 2004 , Gibelin et al. 2006 , are able to simulate photosynthesis and plant 6 growth. In particular, the vegetation biomass and the leaf area index (LAI) evolve 7 dynamically in response to climate conditions. These models allow the assimilation of soil 8 moisture and LAI observations. 9
In the present study, two variables with significant impact on the heat and water fluxes 10 are considered: root zone soil moisture (w 2 ) and above-ground vegetation biomass (Bio). Soil 11 moisture regulates the partitioning between latent and sensible heat fluxes, which has a 12 significant influence on the amount of cloud formation, air temperature, and humidity, among 13 others (Segal et al., 1995 , Shaw et al., 1997 , Seuffert et al., 2002 . At the same time, 14 vegetation biomass plays a very important role in the exchange of water vapor and CO 2 15 between the vegetation canopy and the atmosphere. All aforementioned variables are key 16 input variables into Global Circulation Models (GCM) (Chase et al, 1996 , Bounoua et al, 17 2000 . However, as a consequence of different model complexities and surface 18 parameterizations, there is a range of uncertainty in the simulation of these variables by LSMs 19 (Henderson-Sellers et al., 1993 , Henderson-Sellers et al., 1995 , International GEWEX Project 20 Office, 1995 . Data assimilation systems allow to integrate the rich information provided by 21 remotely sensed surface variables into LSMs, in order to improve the model predictions (eg. 22 Entekhabi et al., 1994; Houser et al., 1998, Lakshmi and Susskind, 2001) . To achieve this, 23
LSMs are coupled with Radiative Transfer Models (RTM) to relate remotely sensed quantities 24 to land-surface variables. For example, the L-Band Microwave Emission of the Biosphere (L-25 minimizing a cost function J (at observation times within the assimilation window). In our 1 case, the state vector is composed of two state variables (w 2 and vegetation above-ground 2 biomass (Bio) by deriving adjoint or tangent linear models. However, this is an often difficult and time 22 consuming task (Reichle et al., 2002) . The simplified 1D-VAR (Balsamo et al., 2004) [6], and also replaces the non-linear observation operator H. 8
Setting of the main 1D-VAR parameters 9
The most difficult task in the implementation of an assimilation scheme is the 10 description of the error matrices. It is a key aspect, because the correction of the system state 11 depends on the background and observation error prescription (see Eqs.
[3] to [6] ). The size 12 of the initial perturbation and the length of the assimilation window is also discussed in this 13 section. 14
(i) Assimilation window length 15
The choice of the assimilation window length for a variational assimilation scheme is 16 particularly important when the scheme is applied to large regions. In this study, a 10-day 17 assimilation window, which is close to the sampling time of many LAI products (e.g. a 8-day 18 MODIS product is available), was chosen because shorter assimilation windows would 19 regularly exclude LAI observations altogether. 20
(ii) Observational errors 21
In this study, observed time series of surface soil moisture (w g ) and LAI were used for 22 the assimilation into the model. For w g , the same method as in MU07 was applied, i.e. the 23 error derived from the dispersion of in-situ observations was doubled and therefore set to ) produced a strong value of σ to the four linearized 6 components of H w2 during the calibration year (not shown). This is due to the numerical noise 7 produced by infinitesimal perturbations in the vicinity of the initial value. The most suitable 8 perturbation should result in a low sensitivity of H w2 . H w2 was found to be less sensitive for 9 perturbations close to 0.05 m 3 m -3
and this value was used in the assimilation algorithm. 10 were found also to produce larger 16 uncertainties in H BIO (not shown). 17
The implementation of the simplified assimilation scheme can be undertaken in 19 different ways. In this study, w 2 and vegetation biomass were perturbed at the beginning of 20 each assimilation window, in order to determine the linearized observation operator. This 21 configuration necessitated 3 runs for each assimilation window (one for each perturbed 22 variable and one for the control run). 23
Dynamical correction of the wilting point 24 13
As mentioned before, w wilt is estimated by the LSM and then treated as a constant 1 parameter (found to be 0.17 m 3 m -3 for the SMOSREX site). However, the assimilation 2 scheme is allowed to initialise the model with w 2 states below w wilt , following the assimilation 3 of w g . This occurred during the drought periods of the years 2003 and 2004 (MU07) . In this 4 case, ISBA-A-g s did not allow any further evapotranspiration and soil water extraction 5 through the roots, even after significant rainfall events. This led to a strong vegetation 6 mortality rate. However, the SMOSREX field observations performed during the summer 7 2003 show that the vegetation growth in response to rainfall may be rapid (Fig. 1) . The 8 performance of the vegetation analyses was also affected by this constraint. The following 9 solution is proposed: for each assimilation step with an analysed value of w 2 below the fixed 10 w wilt , the model w wilt is re-set by substituting its value with the analysed value of w 2 . This 11 simple modification to the model allows plant growth in response to rainfall to occur after a 12 drought. 13 
Zero precipitation 3
The simulations at SMOSREX are forced with good quality measurements of 4 meteorological variables, representative for the study area. However, at larger scales the 5 information about meteorological variables is less accurate. In order to test the robustness of 6 the 1D-VAR, even when forcing data are subjected to large errors, the precipitation was set to 7 0. Precipitation is a key variable within atmospheric forcing data sets and is particularly 8 important for the water reservoir evolution. For this experiment, the assimilation scheme was 9 run again for the whole 4-year period under investigation. Fig. 5 shows the same plots as Fig.  10 3, but with the new, degraded forcing data. Although the new analyses produced a drier soil, 11 the general shape of the curve of the analyzed w 2 was maintained. It is now much smoother, 12
since the information about the precipitation events is lacking. It is important to remark that 13 the assimilation scheme permits the increase of the root-zone soil moisture before the start of 14 the growing period. Otherwise, given the absence of precipitation, a growing season would 15 not be simulated. The LSM, with precipitation set to 0, tends to decrease the root-zone soil 16 moisture between two observations. However, the 1D-VAR generates positive increments 17 which correct the water deficiency in order to match the w g observations. The advantage over 18 the control simulation is considerable. Under the precipitation constriction, the control 19 simulation would rapidly fall to 0.17 m (Table 3) . 8 9
Summary and Discussion 10
The present study is a continuation of the work initiated in MU07. There, a simplified 11 1D-VAR assimilation scheme was compared with other assimilation schemes, and it was 12
shown that it offered the best performance in view of a future implementation in a regional 13 experiment. However, the LAI was forced and the vegetation biomass was not corrected for, 14 as only w g observations were assimilated. Nevertheless, vegetation biomass is also an 15 important surface variable, vital to estimate the carbon and water vapour fluxes, and its 16 analysis is also essential. In this study, field observations of w g and LAI were assimilated at 17 the same time into the ISBA-A-g s LSM. When comparing during this period. In this study, these estimates 23 were assimilated and the LAI retrievals after assimilation were close to these observations. 24
This produced lower transpiration and water extraction rates, hence a slower drying of the 25 water reservoir and as a consequence an overestimation of the w 2 analyses. Before the 1 implementation of the joint assimilation of w g and LAI observations into the fully coupled 2 model, a number of tests were performed. In particular, the assimilation of w g alone and of 3 LAI alone was attempted (MU07). 4
The assimilation of w g alone (LAI was not controlled by any observation) did not 5 improve the simulated LAI. It tended to speed up the growing period and to increase the 6 maximum value of LAI reached each year. This factor had detrimental effects on the analysed 7 w 2 during the spring of 2002 (values lower than the control simulation, and much lower than 8 the observations were obtained). 9
The assimilation of LAI alone (w g was not constrained by any observation) generally 10 improved w 2 only marginally. However, it tended to increase the error on the simulated w 2 11 during the drought periods (e.g. In the model, the wilting point depends on the soil texture. In reality, this parameter may also 23 depend on the plant ability to extract water from a particular soil. The SMOSREX fallow is a 24 multi-specific canopy. During drought events, the plant species most capable of extracting 25 20 water in dry conditions have an advantage in their competition with the other species. This 1 effect could change the behaviour of the soil-plant system from one year to another. To some 2 extent, this effect could also happen at large spatial scales for natural ecosystems and 3 agricultural areas (e.g. farmer may choose to use cultivars adapted to dry conditions during 4 dry years). 5
Over the SMOSREX site, the fallow biomass is very dense and the dead vegetation residues 6 tend to form a dense vegetal mulch at the soil surface (De Rosnay et al. 2006 ). In the model, 7 the strong decrease in direct soil evaporation due to the mulch (Gonzalez-Sosa et al. 2001) is 8 not represented explicitly. In order to represent the mulch effect, a fixed vegetation cover 9 fraction of 100 % was assumed in the ISBA-A-gs simulations. Test simulations were 10 performed with lower vegetation cover fraction values (allowing bare soil evaporation) and 11
showed that this effect is not sufficient to simulate a total soil moisture content below the 12 wilting point. In the field, phenomena like the formation of deep cracks into the soil may 13 foster the soil evaporation and this process is not accounted for by the model. 14 The use of a soil multi-layer scheme, which describes more accurately the evolution of 15 the prognostic variables during dry periods than a single layer model with an averaged soil 16 moisture content, may lead to a better prediction of soil moisture and LAI. In particular, the 17 impact on the vegetation of rewetting the top soil layer is better accounted for by a multilayer 18 model. However, the inclusion of several soil layers would augment the computational burden 19 of the assimilation. The assimilation of observations into a multi-layer soil model is not a 20 simple task. If all layers are to be analysed individually, an understanding of the error-21 correlation between near-surface soil moisture observations and the different layers are 22 required (Reichle et al. 2001 , Walker et al. 2002 . 23
It was shown that when precipitation observations contain large errors, the joint 24 assimilation of w g and LAI is capable of restoring the annual trend of w 2 and vegetation 25
biomass, but large errors may occur in the absolute value of these quantities. An attempt was 1 made to deactivate the plant growth module of the model and to analyse w 2 only. In this case, 2 the observed LAI was prescribed to the model instead of being assimilated. The soil moisture 3 evolution was better predicted, because the root-plant water extraction and evapotranspiration 4 rates were more realistic. In case of large precipitation errors, imposing LAI from external 5 observations may be an advantage for the retrieval of soil moisture. However, as stated above, 6 a large error in the LAI observations may prevent the assimilation scheme to lead to a 7 significant improvement. ) and score (E) for the 6 root zone-soil moisture, the above-ground vegetation biomass, and the LAI of the analyses (4 7 model configurations) and the control simulation. 
